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ABSTRACT  
In the Wadi Biskra arid and semi – arid area, sustainable development is limited by land degradation, such as secondary 
salinization of soils. As an important high quality date production region of Algeria, it needs continuous monitoring of 
desertification indicators, since the bio – physical setting defines it as highly exposed to climate – related risks. For this 
particular study, for which little ground truth data was possible to acquire, we set up an assessment of appropriate 
methods for the identification and change detection of salt-affected areas, involving image interpretation and processing 
techniques employing Landsat imagery. After a first phase consisting of a visual interpretation study of the land cover 
types, two automated classification approaches were proposed and applied for this specific study: decision tree 
classification and principal components analysis (PCA) of Knepper ratios. Five of the indices employed in the Decision 
Tree construction were set up within the current study, among which we propose a salinity index (SMI) for the extraction 
of highly saline areas. The results of the 1984 to 2014 diachronic analysis of salt – affected areas variation were 
supported by the interpreted land cover map for accuracy estimation. Connecting the outputs with auxiliary bio-physical 
and socio-economic data, comprehensive results are discussed, which were indispensable for the understanding of land 
degradation dynamics and vulnerability to desertification. One aspect that emerged was the fact that the expansion of 
agricultural land in the last three decades may have led and continue to contribute to a secondary salinization of soils. 
This study is part of the WADIS-MAR Demonstration Project, funded by the European Commission through the 
Sustainable Water Integrated Management (SWIM) Program (www.wadismar.eu). 
Keywords: arid areas, land degradation, desertification, salinization, land cover, decision tree, principal component 
analysis, Knepper ratios, Landsat, change detection 
 
1. INTRODUCTION  
In this paper we focus on the Biskra study area in Algeria, characterised by an arid and semi-arid climate, where 
sustainable development requires the monitoring of land degradation processes as it withstands the understanding of 
desertification dynamics. The current study concentrates on the assessment of the dynamics of desertification and land 
degradation phenomena and proposes an adaptive methodology incorporating remote sensing techniques and ancillary 
data for the estimation of quantitative and qualitative change of degradation – indicating features such as soil 
salinization. This study is also part of the WADIS-MAR Demonstration Project, funded by the European Commission 
through the Sustainable Water Integrated Management (SWIM) Programme (www.wadismar.eu). The project aims at the 
promotion of an integrated, sustainable water harvesting and agriculture management in two watersheds in Tunisia and 
Algeria.  
Out of the various forms of land degradation, soil salinization is the main menace for sustainable agriculture [1]. It is 
estimated that more than half of the irrigated land in arid and semiarid regions of the world is affected to some degree by 
salinization and that millions of hectares of agricultural land have been abandoned because of salinity build-up [1-3]. In 
these areas, leached salts concentrate in slow – flowing groundwater and are brought to the soil surface through high 
evapotranspiration and inappropriate agricultural activities intensify these processes [1], as in the case of the Biskra area. 
Remote sensing has been proven to be a useful tool for multi-temporal analysis through detection and evaluation of 
desertification indicating features for decision support, among other usages [4, 5]. Problems regarding image 
 
 
 
 
classification of several features in these particular areas have been reported by the scientific community, either with 
supervised, unsupervised classifications or spectral mixture methods. These issues mainly regard spectral confusion of 
salt features with other land ones, especially urban fabric, bare land or carbonate-rich ones [1, 3, 6, 7]. 
Soil salinity mapping through remote sensing is translated through spectral characterization of the contained abundant 
salt minerals. Knepper (1989) proposed specific band ratios for the delineation of hydroxyl – bearing minerals, hydrated 
sulphates and carbonates, vegetation and iron oxides and hydroxides, namely the 5/7:3/1:3/4 red-green-blue (RGB) 
combination, used mainly for geological remote sensing mapping [8], but the novelty of the current study is that it is 
employed for salt features identification. Thus, two different classification schemes are proposed in this study: 1) a 
decision tree analysis (DTA) [9] [10, 11], [3] based on spectral analysis, band transformation and expert-knowledge and 
2) the analysis of the Principal Components (PCA) of Knepper ratios, adequate in the fast, spectral-based delineation of 
mineral components. In the Biskra area, ground truth data was difficult to achieve in the correct amount needed for such 
studies, thus available ancillary data were used as basis throughout the study phases. The methodology proposed in this 
study arises from the need to tackle with two types of problems: 1) the environmental issue present in the area of study, 
hence soil salinity and secondary salinization and 2) from the methodical point of view, hence the limited or no access to 
field data or to undergo field survey oneself and the spectral confusion of very reflective desert features. Firstly, the 
visual interpretation of one Landsat scene of 2011 was done, sustained by a large set of ancillary data. In the second 
phase, the decision tree was built based on spectral analysis and existing indices assessment and nonetheless, the 
proposing new ones according to purpose. Thirdly, the PCA was applied to Knepper ratios composite, as a support for 
the decision tree classes’ verification. The accuracy estimation of the decision tree results for the 2011 scene was done 
using the previously interpreted land cover map and the IsoDATA classified PCA images. The final objective of this 
paper is the use of remote sensing imagery in change detection, hence a consistent number of works have been reviewed 
for the current study that discuss or use satellite imagery [12-14] but the results show a discrepancy in the accuracy 
assessment and the degree of the replicability of algorithms or methods applied [15].We try to minimise these issues 
proposing the methodology and methods described in the following sections. 
 
2. STUDY SITE 
 
The first study site, illustrated in figure 1, is located in North-East sector of the Northern Sahara and covers an area of 
about 500 000 hectares. It mostly overlays the Wilaya of Biskra and to a smaller extent the one of Batna. It represent 
mainly a piedmont area, passing from the Aures mountainous and hilly domain in the North to the Sahara plain in the 
South, with fine-clayey deposits and vast alluvial fans and small mountain ranges in the middle - slope area.  
The area can be divided in two zones: the Occidental Zab and the Oriental one (as shown in figure 1), where Oued 
Biskra constitutes the limit between the two zones. Locally known as the Zibans palmeraie (palm grove) or the 
Occidental Zab, the irrigated area exceeds 65 000 ha and draws more than 600 million of m3 per year, with the Tolga 
area as international exporter of high – quality dates (Deglet Nour). The importance of these palm groves is due mostly 
to the presence of very productive and shallow aquifers highly exploited for more than one century [16], with an average 
salinity from 2 to 4 g/l, hence the increase of surface salinity and gypsum encrustment. The land use mainly regards date 
palm plantations and extended greenhouse cultivations (vegetable cultivations), followed by open field cultivations. 
To the East, the Oriental Zab domain of the Zibans area, the landscape is characterised by vast alluvial fans and a plain 
modelled by wadi courses, with their source area in the Atlas and eventually fading into the great depression of the 
greater watershed of Chott Melrhir, reaching an average of – 80 m below sea level. Open field and industrial cultures 
have become an intense practice in the last decades, as these ones, unlike phoeniciculture, do not require a shallow 
aquifer [17], but usage of deep groundwater has increased in the last decades. 
From the geological point of view, the Biskra area is located within the transition zone between the folded Atlas domain 
in the Northern part of the area and the desert and flat domain of Sahara, in the South. The area is characterized by the 
superposition of several folding events occurring from Middle Eocene to Pleistocene that strongly influence the 
geometry of the main aquifers [18, 19]. The lithological stratigraphy is composed mainly out of clay and sand 
alternations (Quaternary and Mio-Pliocene), gypsum clays and evaporitic deposits (middle Eocene), limestone (Lower 
Eocene), limestone, gypsum clays and halite (Senonian), dolomitic limestone and dolomites (Turonian) and clay, 
marlstone and gypsum belonging to Cenomanian. 
 
 
 
 
The climate is hot and dry, stretching over the semi-arid, arid and pre-desert zones, with an annual mean of 21oC. The 
maximum frequency of rainfalls is in November and March and the average annual total received rainfall is about 200 
mm but the annual mean rainfall is less than 30 mm. The minimum rainfall is almost null in the months of July and 
August.  
 
 
3. MATERIALS AND DATA 
A large set of ancillary data was used for the visual interpretation phase of the land cover and land use classes (LCLU), 
comprising available spatial data, geological and topographical maps, agricultural calendars, statistics and pedological 
reports, mainly provided by local entities and institutions such as L’Agence Nationale des Ressources Hydrauliques, 
Algeria, (ANRH), Institut Technique de Développement de l’Agronomie Saharienne (ITDAS) and other local entities. 
Available Google Earth high resolution satellite images and data were also consulted. 
All Landsat images were obtained by the courtesy of the US Geological Survey (USGS, earthexplorer.usgs.gov) and they 
were chosen avoiding exceptional humid years, which were irrelevant for this study. Consulting climate data, the 
imagery at the beginning of the dry season and at the end of it was the most suitable, but the choice of the scenes was 
restricted by cloud coverage. Images from 1984 to 2014 were chosen, as presented in table 1. ArcGIS 10.2 was 
employed for geospatial data consultation and geo-processing and ENVI 5.2 software (Exelis VIS, Boulder, CO) was 
used for the pre-treatment and processing of satellite data.  
Since this study approaches an inter- and intra-annual change analysis, 2 images per each one of the four years were 
chosen: one at the beginning and one at the end of the dry season. This is because there is a maximum vegetation peak at 
the end of May, after the winter – spring rainfalls and a minimum vegetation peak at the end of the dry season, in 
August-September. 
The years were chosen at an interval of about 10 years, starting with 1984, the oldest available. We have taken into 
account the fact that, in these particular areas, substantial changes in various types of land cover are due to the seasonal 
regime, especially soil salinization which is very sensitive to either excess or lack of water income. These were chosen 
after a careful consultation of climate data (Biskra weather station, tutiempo.org) in order to avoid pre or post heavy 
rainfall days, especially for the post dry season dates. The 2011 scene used for visual interpretation was not inserted in 
the multi-temporal analysis, being used only for accuracy assessment. 
Figure 1. Study area 
 
 
 
 
 
Table 1. Landsat scenes used for Biskra area 
 
 
4. METHODS AND DATA PROCESSING 
1.1. Visual interpretation 
The visual interpretation of LCLU maps assisted as reference data due to its detail, quality (1: 70 000 scale, around 40 
LCLU classes) and high expert knowledge validity [3]. The methodological and classification approach was adapted 
from various land cover programs implemented either in Europe, such as CORINE land cover or the African ones [20-
23] which allowed us to define visual interpretation keys and variables and a land cover nomenclature and class 
description adapted to the local context. In the Biskra area, the interpretation of the Landsat TM5 of 9th of June 2011, 
path 194, row 36 resulted in 37 LCLU classes that were defined based on ancillary data, given that ground truth data was 
difficult to obtain. This step served for the overall acquaintance with the study area in terms of land cover and land use 
and for the specific purpose of this paper, only the saline areas class were taken into consideration for comparison to 
DTA and Knepper PCA results.  
1.2. Processing and classification methods 
The level L1T products were subset to study area extent, radiometrically calibrated to obtain top of atmosphere 
reflectance and Dark Object Subtraction (DOS) was applied for atmospheric correction, thus obtaining surface 
reflectance. Since the product employed ground control and relief models (as delivered by the provider, namely USGS), 
geometric correction was not performed [24] [25]. No topographic correction was applied as it has been reported by 
several authors as prone to over-correct values in plain areas and lose valuable information, especially in regions where 
spectral separability has such sensitive thresholds [26]. All images were verified for co-registration. 
1.3. Spectral analysis for decision tree construction 
This phase consisted of spectral information analysis using spectral enhancement techniques, horizontal and vertical 
spectral profiles analysis and 2D scatter plots investigation of salt features in order to understand their spectral behaviour 
in relation to features that can present similar spectral characteristics and confusion: carbonate-rich, clay-rich areas, bare 
land, urban fabric and outcropping rocks. For the spectral analysis, we have taken into consideration two factors: one is 
the maximum information content of the composite bands, as the larger the standard deviation is, the more the 
information content is derived from the composite bands; the other is the minimum affinity of the composite bands 
leading to significant independence and less redundant data. After reviewing several vegetation and salinity indices 
reported as successful in delineating salt-affected areas [5], the results that emerged were not completely satisfactory and 
observations were made in order to choose optimal band operations for decision tree integration. Consequently, band 
ratios and indices [5, 7] have been derived in order to discriminate as accurate as possible the features of interest, in 
order to support decision rules used for a decision tree classifier scheme. The decision tree analysis was chosen because 
Satellite WRS Path WRS Row Year Acquisition Day of acquisition- Julian date Date 
LT5 194 36 1984 182 30 June 
LT5 194 36 1984 246 2 Sept 
LT5 194 36 1995 148 28 May 
LT5 194 36 1995 228 16 Aug 
LT5 194 36 2007 149 29 May 
LT5 194 36 2007 229 17 Aug 
LT5 194 36 2011 160 9 June 
LC8 194 36 2015 123 3 May 
LC8 194 36 2015 219 7 Aug 
 
 
 
 
of its high flexibility of input data range and easiness of class extraction through multi-stage classification but at the 
same time because of its simplicity, being composed of “yes/no” decision nodes, which, according to a specified 
threshold, separates two classes from each node.   
1.4. Knepper ratios and PCA 
The principal components analysis was applied to Knepper composites of each year [8] in order to obtain a good spectral 
separability of land cover types and to evaluate its potential as approach of fast automated, user-independent classifier, as 
opposed to decision tree analysis that needs thorough computation for rules choice and threshold calculation. It is based 
only on the spectral information contained within the employed bands, but it does not allow other manipulation, which 
may be considered rigid, as it presents a consistent problem of mixed pixels. Thus, the obtained images present difficulty 
in applying a classifier and in order to avoid further errors, IsoDATA unsupervised classification was chosen, as it 
proved to be the most suitable, with maximum 50 iterations, a threshold of 2 % and 12 classes requested. The PCA 
analysis was applied for each one of the 9 assessed years.  
5. RESULTS AND DISCUSSION 
1.5. Decision tree analysis results  
The indices and band math operations employed in the DTA is summarized in table 3. Finally, the decision tree map was 
obtained by applying vegetation, wetness, mineral and salinity indices as well as simple band ratios, mostly derived from 
the analysis of bands statistics, scatter plots and vertical and horizontal profiles of interest features but also from 
literature, as presented in figure 2 and table 2 [3, 5, 7, 24, 27-29]. The indices proposed for this study are constructed 
based on bands which present high spectral information covariance of the feature to be extracted. For example, in the 
case of highly saline areas class extraction, TM bands 1, 2 and 3 information are usually put together, in order to 
enhance the “brightness” features, divided by band 7, which presented the lowest reflectance values of salt features. 
Exponential or square root functions were used to force the emphasis of extreme values, helping in delineating high or 
moderate saline areas. The statistics of each index/math image were used in order to establish the thresholds for each 
decision node. The decision nodes and the resulting map are thus obtained, for each of the 8 dates. According to the 
lithological and vegetation cover of the area, the DT analysis and legend was adapted in order to classify the main land 
cover classes as well as classes of lithology distinguishable according to their spectral lithological response, which are 
described in table 3. 
 
 
Figure 2. Decision tree binary decision nodes and resulting classes 
 
 
 
 
 
Table 2. Indices analysed for decision tree construction, Biskra study area, Algeria (parent nodes only). 
Thresholds correspond to the indices applied for the 7 August 2015 image. 
Parent nodes-decision Expression Band math (TM bands) 
Indices Reference 
NDVI b1 GE 0.24 (b4-b3)/(b4+b3) 
Normalised Difference 
Vegetation Index 
[5] 
NDWI b2 GE 0.01 (b4-b5)/(b4+b5) 
Normalised Difference 
Water Index 
[30] 
NDWI USGS b3 GE -0.39 (b3-b4)/(b3+b4) 
Normalised Difference 
Water Index - USGS 
[31], also known as Normalised 
Difference Salinity Index (NDSI) 
[32] 
WR b4 GE 1.0 b3/b4 
Water Index derived from [33] 
SMI b5 GE 0.74 sqrt(((b1^2)+(b2^2)+(b3^2))/b7) 
Salt Minerals Index proposed for this study 
MI b6 GE 0.028 (b1*b2*b3)/b4 
Mineral Index proposed for this study 
IRI_SWIR1 b7 GE 0.88 sqrt(((b4^2)+(b7^2))/b5) 
InfraRed Index – Short 
Wave InfraRed 1 (TM 
band 5) 
proposed for this study 
IRI_NIR b8 GE 1.7 sqrt(((b5^2)+(b7^2))/(b4^2)) 
InfraRed Index – Near 
InfraRed (TM band 4) 
proposed for this study 
S2 b9 LE -0.32 (b1-b3)/(b1+b3) 
Salinity Index 2 [5] 
HSI b10 GE 1.74 (b1+b2+b3)/b7 
Hue Salinity Index proposed for this study 
1/5 b11 GE 0.22 b1/b5 
Ratio 1/5 [27] 
 
 
 
Table 3. Decision Tree class description 
Green vegetation Oasis vegetation, mainly palm groves, fruit trees plantation, types of small trees and tall 
shrubs rich in chrorophyll 
Herbaceous vegetation Annual crops, small natural herbaceous vegetation, small shrubs 
Steppe Typical dry shrub vegetation, woody correspondent to mountainous and piedmont areas 
Urban fabric Artificial, build-up surfaces, usually impervious 
Nebka Typical semi-arid aeolian coppice dunes, areas of sand plains (dunes) covered by sparse or 
no vegetation 
Mountains/outcropping 
bedrock 
Mountain ranges and slopes, scree, cliffs, including active erosion flats, outcropping 
bedrock 
Carbonate-rich areas Areas with a high carbonate component, limestone crust, outcropping limestone 
Polygenic deposits Deposits correspondent to alluvial fans, recent alluvial deposits, piedmont and glacis 
accumulations, with a strong clay, sand and coarse materials  
Bare land Land with  no vegetation cover and of no land use 
Highly saline areas Areas rich in salt minerals components 
Moderately saline areas Areas that present moderate salinity 
Water bodies Water areas of natural or artificial origin 
 
 
 
 
 
 
 
 
 
1.6. IsoDATA classification of Knepper ratios PCA 
 
The results showed that the third principal component mostly contained salt minerals – related information. The first 
component, representing the highest covariance between the 3 ratio images, mostly contained important information on 
the sand component, and the second one, clay minerals, that mostly overlaid areas of alluvial fans, with loam and clayey 
components. The IsoData classification has presented difficulty in delineating the requested 12 main classes, some of 
which presenting similar characteristics to other existing ones, being unable to separate the moderately saline areas 
class. In order to allow comparison between the two sets of classification, the resulting DTA classification images to 
IsoDATA Knepper PCA classification images, the classes were evaluated for correspondence and the “improper” classes 
were not considered for analysis. In the figures 3 and 4, the classes which do not correspond to the expected resulting 
classes, are presented in white-grey-black levels and the class name denotes the fact that it is more likely to belong to 
that one. Thus, only highly saline areas class was considered and the other ones were merged into one class of land, for 
both DT and IsoData maps. Confusion matrix was applied for the error assessment and DTA images were set as “input 
files” and Knepper PCA images as “ground truth images”. This analysis was applied for the 30 June 1984 pair of DT 
map and IsoData Knepper PCA map, the 9 June 2011 pair and 7 August 2015 pair, for both seasons. The first pair has 
given an overall accuracy of 70% but a kappa coefficient of 0.71; the third pair, on the other hand, has given an overall 
accuracy of 79.97% and a kappa coefficient of 0.58, as presented in table 4. This discrepancy may be related to the 
disadvantages of the IsoData classification method, its threshold set for class separation and number of iterations, as well 
as the different quality of satellite data, either in terms of noise or radiometric resolution. In fact, it must be mentioned 
that the 30 June 1984 image was more laborious for the construction of the DT and its node thresholds very different 
from the rest of the images, whilst the other 7 images have maintained very close threshold values of correspondent 
indices. 
 
Table 4. Comparison and accuracy assessment of DTA according to LC map and IsoDATA of Knepper PCA map 
 1984_182 2011_160 2011_160 2015_219 
Classification 
methods 
pairing 
DT_IsoData & 
Knepper_PCA 
DT_IsoData & 
Knepper_PCA 
DT & LC visual 
interpretation 
DT_IsoData & 
Knepper_PCA 
Employed 
classes 
highly saline areas  highly saline areas  highly saline areas  highly saline 
areas  
Kappa 
coefficient 
0.71 0.57 0.41 0.58 
Overall 
accuracy 
70.30% 77.91 72.71% 79.97% 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 3. IsoDATA classification applied to Knepper ratios PCA and DTA classification of 30 June 1984 
image 
Figure 4. IsoDATA classification applied to Knepper ratios PCA and DTA classification of 7 August 2015 
image 
 
 
 
 
 
 
An important aspect to be emphasized is the fact that the decision tree offered more flexibility, as a multistage classifier, 
thus managing to delineate classes with higher control. The amount, complexity and types of spectral information put 
together in this single classifier makes it highly controllable, as opposed to other classification flows. The comparison to 
the visually interpreted land cover map was undergone through visual inspection for all classes, but for a quantitative 
assessment, the DTA map of 2011 was reduced to only two classes: “land” and “highly saline areas” and compared with 
the “saline areas” class of the LCLU map. Error matrix showed a matching of 72%, that can be due to the subjectivity of 
the user, since visual interpretation implies a series of variables taken into consideration by the user when delineating 
features (contours, hue, size, texture, location), but cannot allow the delineation of moderately saline areas. This class 
has a particular spectral response, not discriminative enough through visual interpretation, but only through spectral 
information extraction, i.e. an adequate index.  
 
6. DISCUSSION 
 
1.7. Change detection analysis 
 
As a result of the DTA classification, we obtained the salinity/land cover maps for the chosen dates, as presented in 
figure 5. We approached change detection analysis in two ways: we have compared the images of each of the two 
analysed seasons from 1984 to 2015, but we have also looked at changes between one season and another, within a year. 
The changes of each class surface, expressed in percentages, for each date can be observed in figure 9, and the maps are 
presented in figures 5 to 8. For the easiness of the interpretation discussion, we will refer to the May-June images as 
belonging to the “wet season” and to the August-September images as “dry season”. 
From the intra-annual point of view, in all years, changes that occur between the end of the wet season and the end of the 
dry season, maintain similar pattern of change. More specifically, classes that are interchangeable remain as follows: 
highly saline areas have the most frequent interchange with moderately saline areas, polygenic deposits and herbaceous 
vegetation classes (decreasing in 1995, by 1.53% and in 2015 by 1.69% and increasing in 2007 by 17.63%); moderately 
saline areas mostly interchange with highly saline areas, urban fabric, bare land and herbaceous vegetation (with an 
increase of 60% in 1984, 100% in 1995, 93% in 2007 and 106% in 2015. 
As an example of intra-annual change, the results of the detection analysis of 30 June and 2 September images of the 
year 1984, show that the highly saline areas class has decreased by 26%, mainly in the favour of urban fabric class, by 
18.7%, polygenic deposits by 4.2% and herbaceous vegetation, by 2.1%, gaining only 1.4% and 1.9% of water bodies 
and herbaceous vegetation classes, respectively. The total changes, with gains and losses, represent -19.8%.  
It must be mentioned that throughout the classification process, both in DTA and Knepper PCA, there has been a strong 
spectral confusion of “highly saline areas” class and the “water bodies” one (consisting of one lake in the hole image in 
1984 and 1995, after which another one is visible after 2007, in the northern part of the areas, which is reported to be due 
to the construction of a dam). This confusion problem has been solved only throughout the DTA, using the ratio 
Red/Infrared (presented as WR in table 2). The urban fabric are expected to be classified under saline areas as it has been 
noticed to have similar spectral behaviour to these latter ones in all the analysed images. Thus, the changes regarding 
saline areas-urban fabric may not be a true change, but a misclassification due to this spectral confusion. In the year 
1984, the moderately saline areas have an overall increase of 60%, mainly in the disfavour of urban fabric, water bodies 
and herbaceous vegetation.  
The fact that there is a constant interchange between either highly saline areas and herbaceous vegetation classes or 
between moderately saline area and herbaceous vegetation, gives way to the scenario that agricultural practices have the 
tendency to intensify the salinization processes, as the herbaceous vegetation class delineated in all images correspond 
more than 80% to agricultural areas, parcels of cultivated land, mostly recognizable by their rectangular shape, that may 
or not present chlorophyll response, but in some images denote the presence of humidity or re-worked land hues. These 
are found mainly in the Occidental Zab, in south-western part of the study area, in the Doucen area, around the Tolga 
Oasis, especially in the western part of it, known as El Amri and in Oriental Zab, the extended agricultural area between 
Sidi Okba and Ain Naga, as in can be observed in figure 5.  
 
 
 
 
Concerning the inter annual changes analysis, the main trends observed from the change detection statistics are that 
herbaceous vegetation class presents a major increase (of 34%) in the disfavour of green vegetation class when 
comparing the 1984 and 2015 images dated at the beginning of the dry season, as opposed to a major increase of the 
green vegetation class in the disfavour of herbaceous vegetation class at the end of the dry season, of the same pair of 
years. 
This comes as a natural change as the herbaceous vegetation class tends to be more sensitive to lack of rainfall and high 
temperature, as opposed to green vegetation class which is mainly composed of aridity-resistive palm groves, fruit trees 
and shrub vegetation.  
Change detection results applied to the 1984 and 2015 pair (table 5 shows the dry season results) show that, in both 
seasons, the main classes with which highly saline areas class has interchanged are the urban fabric, moderately saline 
areas, herbaceous and green vegetation classes.  It must be mentioned that both the highly saline areas and moderately 
saline areas classes have a major increase in the dry season (of 52 and 239%, respectively) compared to the wet season 
(of 24 and 164%, respectively). 
 
Table 5. Example of change detection statistics: 2 September 1984 and 7 August 2015 change analysis 
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96 
11.436 0.06 0.13
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Figure 5. Decision Tree classification applied to 1984 images 
Figure 6. Decision Tree classification applied to 1995 images 
 
 
 
 
 
 
 
 
 
 
Figure 7. Decision Tree classification applied to 2007 images 
Figure 8. Decision Tree classification applied to 2015 images 
 
 
 
 
 
 
 
 
1.8. Saline areas mapping  
In the Biskra area, the spectral analysis showed that the main factors affecting the reflectance of salt-affected soils are 
quantity and mineralogy of salts, together with soil moisture, colour, impurities content and surface roughness. The 
mineralogy of carbonate, sulphate and chloride salts determines the presence or absence of absorption features in the 
electromagnetic spectrum, associated with internal vibration modes due to excitation of overtones and combination tones 
of the fundamental anion groups (e.g. HOH, OH-, CO3
2-, SO4
2-) [29, 34].  
Regarding Biskra area, the issues encountered in the current study were those related to spectral confusion between 
saline areas, alluvial clayey material, carbonate – rich soils, and outcropping limestone. Applying solely salinization 
indices reported as having high accuracy when mapping salinity in similar areas [5, 32, 35], results were not satisfactory, 
since clay and silt-rich soils, urban fabric features, bare land and carbonate-rich surfaces were identified together with 
saline areas. The application of both decision tree and PCA of Knepper ratios showed satisfactory results but an overall 
accuracy of around 76,06 % which may be due to the user-dependency of the two datasets (DTA, LCLU map) of the 
total of three employed (the aforementioned and Knepper PCA). 
However, the results confirm that surface features common in drylands, such as braided stream beds, eroded terrain 
surfaces with truncated soils, and non-saline silt-rich structural crusts, can generate high levels of reflectance, similar to 
those of areas with high salt concentration, as stated by [29]. 
7. CONCLUSIONS 
The employment of the Decision Tree classifier has proven to be more flexible and adequate for the extraction of highly 
saline and moderately saline areas and major land cover types, as it allows multi-source information and higher user 
control. The results were compared to IsoDATA classification maps applied to Knepper ratios Principal Component 
Analysis and were proven to have a substantial advantage over this latter method. Five of the indices employed in the 
Decision Tree construction proposed for the current study have given satisfactory results. The accuracy of the salinity 
index (SMI) proposed in this paper for the extraction of highly saline areas was verified throughout 2 other mapping 
methods, being of around 76,06%. Applying post classification change detection (ENVI), the statistics for 1984 to 2014 
analysis, comprising images acquired at the end of the wet season and at the end of the dry season, have shown an 
Figure 9. Class coverage statistics for each analysed date (percentage) 
 
 
 
 
overall increase of 53 % of the highly saline areas surface. The moderately saline areas class was noticed to have 
variations from one year to another, as it was considered to be very sensitive to seasonal conditions, but it presented an 
overall increase of over 100%. One of the important aspects that emerged from the diachronic series analyses is that the 
expansion of open field and industrial agriculture practices in the last three decades have led and continue to contribute 
to a secondary salinization of soils. In the Occidental Zab, the increase in salinized soils correspond to the expansion of 
phoeniciculture and market gardening (often greenhouse) but in the Oriental Zab, the large scale industrial agriculture, 
that required also a large number of deep wells (given the 200-300 m depth of the exploitable groundwater), has caused 
sporadic local appearance of small patches of salinized surfaces all along the lower slope of the alluvial fan area.  
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